Spatially-explicit information on forest structure is paramount to estimating aboveground carbon stocks for designing sustainable forest management strategies and mitigating greenhouse gas emissions from deforestation and forest degradation. LiDAR measurements provide samples of forest structure that must be integrated with satellite imagery to predict and to map landscape scale variations of forest structure. Here we evaluate the capability of existing satellite synthetic aperture radar (SAR) with multispectral data to estimate forest canopy height over five study sites across two biomes in North America, namely temperate broadleaf and mixed forests and temperate coniferous forests. Pixel size affected the modelling results, with an improvement in model performance as pixel resolution coarsened from 25 m to 100 m. Likewise, the sample size was an important factor in the uncertainty of height prediction using the Support Vector Machine modelling approach. Larger sample size yielded better results but the improvement stabilised when the sample size reached approximately 10% of the study area. We also evaluated the impact of surface moisture (soil and vegetation moisture) on the modelling approach. Whereas the impact of surface moisture had a moderate effect on the proportion of the variance explained by the model (up to 14%), its impact was more evident in the bias of the models with bias reaching values up to 4 m. Averaging the incidence angle corrected radar backscatter coefficient (γ°) reduced the impact of surface moisture on the models and improved their performance at all study sites, with R 2 ranging between 0.61 and 0.82, RMSE between 2.02 and 5.64 and bias between 0.02 and −0.06, respectively, at 100 m spatial resolution. An evaluation of the relative importance of the variables in the model performance showed that for the study sites located within the temperate broadleaf and mixed forests biome ALOS-PALSAR HV polarised backscatter was the most important variable, with Landsat Tasselled Cap Transformation components barely contributing to the models for two of the study sites whereas it had a significant contribution at the third one. Over the temperate conifer forests, Landsat Tasselled Cap variables contributed more than the ALOS-PALSAR HV band to predict the landscape height variability. In all cases, incorporation of multispectral data improved the retrieval of forest canopy height and reduced the estimation uncertainty for tall forests. Finally, we concluded that models trained at one study site had higher uncertainty when applied to other sites, but a model developed from multiple sites performed equally to site-specific models to predict forest canopy height. This result suggest that a biome level model developed from several study sites can be used as a reliable estimator of biome-level forest structure from existing satellite imagery.
Introduction
Forest structure has a profound effect on ecosystem processes that determine the nutrient, water and carbon cycles (Bispo et al., 2016; Lauenroth et al., 1993; Shugart et al., 2010) . It also affects the availability of niches for certain species and thus, it has been proposed as an essential biodiversity variable for monitoring worldwide biodiversity (Pereira et al., 2013) . Parameters used to describe forest structure include canopy height; fractional cover; canopy gap size; aboveground biomass (AGB); clumping index or species composition. Among these variables, AGB has received particular attention due to the role of forest ecosystems in the carbon cycle. Vegetation height for its part is paramount to species' ecological strategy given its influence on light competition, stand productivity and density, carbon sequestration as well as biodiversity (Moles et al., 2009) . Therefore, information on forest structure at fine spatial scales is of great importance for designing sustainable forest management strategies and mitigating greenhouse gas emissions from deforestation and forest degradation (REDD + ) in support of the UN Framework Convention on Climate Change and the Paris Agreement, as well as halting the loss of biodiversity in support of the UN Convention on Biodiversity.
Field-based forest inventories provide measurements of forest structure based on statistical sampling of the landscape; however, they are costly, time consuming and limited with regards to their spatial coverage, making it difficult to capture the heterogeneity of forest structure across the landscape. Despite these limitations, they are critical for calibration and validation of models that allow spatially explicit estimates of forest structure over large areas based on remotely sensed data (Yu et al., 2010) .
Active remote sensing systems such as radar and LiDAR are particularly sensitive to the arrangement of forest components given their ability to penetrate the canopy to different depths (Saatchi 2010) . LiDAR is an unrivalled technology to characterize forest structure at different scales. It has been successfully used to estimate forest canopy height (García et al., 2009; Rosette et al., 2008) , AGB (Asner and Mascaro 2014; García et al., 2010; Naesset and Gobakken 2008) , leaf area index (Riaño et al., 2004; Zhao et al., 2015) , clumping index Zhao et al., 2012) , and the vertical distribution of vegetation (Ferraz et al., 2012; Fieber et al., 2015) . Despite the unprecedented accuracy achieved by airborne systems, their spatial coverage still remains limited for regional or continental scales.
Synthetic Aperture Radar (SAR) measurements are sensitive to forest structure given the capacity of these sensors to penetrate the forest canopy. Radar backscatter measurements are primarily influenced by forest structure as a result of wavelength-dependent microwave penetration into the canopy, sensitivity to wood density and the distributions of size and orientation of the canopy components, which constitute the primary scattering elements (Ranson et al., 1995) . Over dense forests, this sensitivity is reduced due to microwave attenuation and absorption of incident and scattered energy (Saatchi and Moghaddam 2000) . This saturation effect is dependent on the frequency used, with longer wavelengths being more sensitive to higher biomass values. For instance, the sensitivity of L-band (1-2 GHz) to AGB has been reported at approximately 100-150 Mg ha −1 whereas for lower frequency P-band (0.3-1 GHz) measurements has been established at approximately 300 Mg ha −1 Mermoz et al., 2015; Robinson et al., 2013; Sandberg et al., 2011) . Additionally, the spatial variability of forest structure has a significant impact on the radar estimation of forest structure and the scale at which it can be estimated (Saatchi et al., 2011a) . Moreover, backscatter measurements are influenced by surface moisture conditions, geometric structure of the scattering elements and surface roughness. For instance, the impact of surface moisture on L-band HH and, to a lesser extent, HV backscatter measurements, particularly over areas of low canopy density, has been demonstrated (Lucas et al., 2010; Robinson et al., 2013) . Likewise, the incidence angle significantly affects the backscatter signal received by SAR sensors (Lucas et al., 2010; Robinson et al., 2013) . Forest structure estimation from SAR data can be improved by using multiple polarisations, radar frequencies or interferometric measurements given their different sensitivity to the scattering components of the canopy (Kellndorfer et al., 1998; Saatchi 2010; Xu et al., 2016; Yu et al., 2010) . Optical multispectral data can also be used to characterize forest structure given the impact of canopy structure on the land surface reflectance, as well as the possibility of stratifying vegetation types according to their spectral properties (Nelson et al., 2017; Rodríguez-Veiga et al., 2016; Saatchi et al., 2011a; Saatchi et al., 2011b; Simard et al., 2011) . Thus, despite the lower sensitivity of passive optical remote sensing data to forest structure, forest canopy height, AGB, canopy fuel properties and stand age have been successfully estimated from Landsat imagery (Pascual et al., 2010; Wulder et al., 2004; Garcia et al., 2017a,b) . Likewise, imaging spectroscopy data have been proven useful to characterize forest structural types based on AGB, canopy height and complexity traits (Huesca et al., 2016) .
SAR and multispectral data can be integrated to extrapolate LiDAR based forest structure to large scales at fine grid cells. This need for data integration becomes even more important with the expected new LiDAR and SAR satellite missions in the next few years. Two spaceborne LiDAR missions are planned for launch, namely the ICESat-2/ATLAS (Gwenzi et al., 2016) and the Global Ecosystem Dynamics Investigation (GEDI) (Dubayah et al., 2014) . These two LiDAR sensors will be multibeam profilers that will provide a denser sampling of the Earth's terrestrial ecosystems than earlier missions, but will not provide continuous coverage. Therefore, to provide global estimates of forest structure, integration of these data with other satellite-borne sensors will be required. Two upcoming satellite radar missions provide a unique opportunity to achieve this aim. The first is the BIOMASS mission, a P-band SAR forming part of the European Space Agency's (ESA) Earth Explorer Mission Programme . The second is the NASA-ISRO SAR (NISAR), an L-band InSAR mission, which is a partnership between the National Aeronautics and Space Administration (NASA) and the Indian Space Research Organization (ISRO).
This study addressed developing algorithms for the extrapolation of LiDAR-based forest height estimates over larger regions using satellite SAR and multispectral data. More specifically, it 1) evaluated the potential of SAR data for estimating canopy height in different biomes; 2) investigated if incorporating multispectral information helps improve canopy height estimates; 3) assessed the impact of surface moisture (soil and vegetation moisture) on canopy height estimates; 4) determined the spatial scale at which more accurate results are achievable; 5) analysed the impact of sample size on the models; and 6) evaluated the transferability of the models between sites and the potential for developing biome-wide models.
Methods

Study areas
In order to test the retrieval methods we selected five study sites distributed across two biomes in North America for which airborne LiDAR data covering a substantial area was available (Fig. 1) . The first three study sites are Howland Forest, located in Maine, the Chequamegon-Nicolet National Forest in Wisconsin (hereinafter WLEF), and the Harvard Forest in Massachusetts. These three sites correspond to temperate broadleaf and mixed forests. The remaining two study sites are Soaproot Saddle (SOAP) and Teakettle Experimental Forest (TEAK), which correspond to temperate conifer forests (Olson et al., 2001) in the Sierra Nevada Mountains in California. The first study site within the temperate broadleaf and mixed forests biome is Howland Forest within the Howland Research Forest, which is a mixed deciduousconiferous boreal transitional forests dominated by Eastern Hemlock (Tsuga Canadensis), Red Spruce (Picea rubens), Balsam Fir (Abies balsamea), paper Birch (Betula papyrifa), Red Maple (Acer rubrum) and several species of Aspen (Populus gradidenta, Populus tremuloides). The forest presents a fragmented landscape as result of both natural disturbance and logging or management practices, resulting in a range of stand ages from old-growth forest and regeneration of varied age stands, as well as some small tree plantations. Further information about the site can be found in Robinson et al. (2013) . For the algorithm development we selected an area of approximately 8 km × 5 km for which we had airborne LiDAR data. The WLEF is located in upland mature deciduous forests of the Chequamegon-Nicolet National Forest in Wisconsin. The area selected covers approximately 13 km × 9 km within the Nicolet National Forest. It presents a high degree of fragmentation as a result of natural succession, pest outbreaks, animal damage as well as timber management (Haugen et al., 1998 (Plotkin et al., 2015) .The area selected corresponds to Prospect Hill, over which a 4 km × 4 km LiDAR dataset was available. The two study sites selected for the temperate conifer forests biome are Soaproot Saddle (SOAP) and Teakettle Experimental Forest (TEAK). These are part of the National Science Foundation's National Ecological Observatory Network (NEON) terrestrial sites within the Sierra National Forest in the central Sierra Nevada Range, California. Soaproot saddle is dominated by Ponderosa Pine (Pinus ponderosa) and Incense Cedar (Calocedrus decurrens) and the most common broadleaf species are the deciduous California Black Oak (Quercus kelloggii) and the evergreen Canyon Live Oak (Quercus chrysolepsis). The Teakettle study site is characterised by old-growth conifer forest dominated by White Fir (Abies concolor), California Red Fir (Abies magnifica) and Jeffrey Pine (Pinus jeffreyi). This site presents a mosaic of dense canopies with shrubdominated and open forests (Chopping et al., 2012; Huesca et al., 2016) . The selected areas for which LiDAR is available are approximately 4 km x 4 km for Soaproot Saddle and 10 km × 8.5 km Teakettle.
Remote sensing data and processing
LiDAR
LiDAR data provide direct measurements of vegetation height.
Although LiDAR-derived height usually underestimates the true vegetation height due to laser light penetration through small gaps in the vegetation canopy as well as system configuration (Disney et al., 2010; Gaveau and Hill 2003) , the accuracy achieved is higher than that obtained from other sensors including SAR, therefore we used a set of LiDAR-based canopy height models (CHM) as reference data for our analyses.
High point density airborne LiDAR data (> 8 p m ) was available for the three study sites across the temperate broadleaf and mixed forests biome collected and processed by the G-LiHT (Goddard's LiDAR, Hyperspectral & Thermal Imager; https://gliht.gsfc.nasa.gov/) team (Cook et al., 2013) in June 2012. The original CHMs at 1 m spatial resolution were resampled to 25 m, 50 m and 100 m to match the spatial resolutions of the SAR and optical data. CHM values were spatially aggregated by averaging the pixels contained within each resampled cell. The LiDAR data for the Sierra National Forest were collected in June 2013 by the NEON Airborne Observation Platform (AOP). A CHM at 1 m spatial resolution was created from the point cloud, with a point density of approximately 19 p m −2 (Huesca et al., 2016 ) and resampled as described above.
ALOS PALSAR
The Phased Array type L-band Synthetic Aperture Radar (PALSAR) is an L-band (1.27 GHz; 23.6 cm) SAR sensor on board the Advanced Land Observation Satellite (ALOS), which was launched by the Japan Aerospace Exploration Agency (JAXA) on 24 January 2006, in a polar, sun synchronous orbit at approximately 700 km with a 46-day repeat cycle. We used the fine beam dual polarization high-resolution terraincorrected data product produced by the Alaska Satellite Facility, which applies radiometric and terrain correction processes to calculate the γ°b ackscatter coefficient (m 2 /m 2 ) at 12.5 m resolution (Gens 2015) . The data were resampled to 25 m, 50 m and 100 m by computing the average of the pixels within each cell at the output resolution. This resampling process also reduced the speckle. ALOS PALSAR ceased operation in April 2011, therefore in order to reduce the time gap between the LiDAR and the SAR data we constrained our search of ALOS PALSAR images to the latest images available for our study sites. Table 1 presents the images used for each study site and their acquisition dates. For each study site the images were stacked and the average was computed for each pixel to reduce speckle as well as the possible effect of surface moisture on the γ°values (Paloscia 2002; Rodríguez-Veiga et al., 2016) . Subsequently, we computed the normalized difference backscatter index (NDBI, Eq. (1)) between the HH and HV bands to enhance the vegetation response (Almeida-Filho et al., 2009) due to the different contribution of the volume scattering in different polarizations. The same index was introduced as radar forest degradation index (RFDI) (Mitchard et al., 2012) . Additional information for estimating forest structure can be provided by spatial texture statistics due to the spatial autocorrelation of forest structure at the landscape scales. Xu et al. (2016) showed the usefulness of computing texture layers using windows sizes of 5 × 5, 9 × 9, 17 × 17 and 33 × 33 for tropical forests. Following this approach the standard deviation and entropy were computed for each band as well as the NDBI; however, the windows sizes were limited to 5 × 5 and 9 × 9 pixels after construction of the semi-variograms which showed that at larger windows sizes canopy height and the remote sensing data did not present spatial correlation for our study sites. (1)
Shuttle Radar Topography Mission
The Shuttle Radar Topography Mission (SRTM) was conducted from 11 to 22 February 2000, and provided a high-resolution digital elevation model (DEM) of the Earth within ± 60°latitude, using single-pass C-band interferometric synthetic aperture radar (InSAR) techniques. Elevation has a significant impact on vegetation due to the variation of environmental conditions such as temperature, humidity and solar radiation. Although SRTM mission provided a global DEM, over vegetated areas the scattering phase centre lies somewhere between the canopy top and the actual ground. Thus, elevations errors of 9 m have been reported over North America (Rodríguez et al., 2006) . This bias depends on forest characteristics such as soil moisture, canopy density and vegetation height, as well as system parameters like frequency, polarization or incidence angle (Yu et al., 2010) . The possibility of using SRTM to retrieve forest canopy height has been previously demonstrated (Kellndorfer et al., 2004; Yu et al., 2010) .
For this research, we downloaded the SRTM V2.1 product, with a spatial resolution of 30 m, for each of our study sites. Finally, the standard deviation and the entropy within windows of 5 × 5 and 9 × 9 pixels were derived from the SRTM data. The data were also resampled to match the ALOS PALSAR images. For the 25 m resolution a nearest neighbour resampling method was applied, whereas for coarser resolutions the values of the pixels within each output cell were averaged.
Landsat OLI
A Landsat Operational Land Imager (OLI) image was downloaded for each site (Table 1 ) from the U.S. Geological Survey Earth Explorer web site (http://earthexplorer.usgs.gov/; accessed: 20 June 2017). The image is a Landsat 8 Surface Reflectance Code (LaSRC) product (Vermote et al., 2016) . Although the use of Landsat 8 data meant a gap of up to 2 years between their acquisition date and the airborne LiDAR data, the failure of the scan line corrector on Landsat 7 caused incomplete coverage of the study sites and therefore we did not use these images. A cloud cover constraint of 0% over the study sites was imposed during the search.
The original spectral information contained in the Landsat image can be summarized by means of linear transformations of the spectral bands such as the Tasselled Cap Transformation (TCT). The three components of the TCT, brightness, greenness and wetness, have been shown to be more informative about forest structure in different ecosystems than the individual spectral bands or vegetation indices derived from them (Cohen et al., 1995; García et al., 2017a; García et al., 2017b) . Thus, we computed the TCT from the Landsat OLI images downloaded for each site. As for the PALSAR and SRTM data, the standard deviation and entropy were computed for each component for both window sizes. The Landsat data were resampled in the same way as the SRTM data.
Estimation of forest canopy height
Machine learning algorithms such as random forest, support vector machines (SVM) and Gaussian processes have been applied to different remote sensing data types and their applications have outperformed parametric methods (Carreiras et al., 2017; Casas et al., 2016; García et al., 2011; Xu et al., 2016) . Machine learning techniques are attractive because they do not make explicit assumptions about data distributions and allow modelling complex relationships between dependent and independent variables; however, attention must still be paid to avoid model overfitting that will reduce their prediction and generalisation capabilities.
We used a Least-Squares Support Vector Machine (SVM) approach to estimate forest canopy height from our remote sensing data (De Brabanter et al., 2011) . In the case of regression problems the support vector machine approach attempts to find the simplest regression model that deviates less than a threshold ε from the training data (Smola and Scholkopf 2004) implementing the structural risk minimisation principle to obtain good generalisation on a limited number of learning patterns. Instead of minimising the observed training error, the SVM minimises the generalisation error bound so as to achieve general ised performance (Basak et al., 2007) . To avoid the high computational burden of SVM in solving the quadratic programming problem required to find the optimal cost function, Suykens and Vandewalle (1999) proposed a least-squares approach, which solves a set of linear equations as an approximation for the quadratic programming problem.
Nonlinear relationships are modelled by mapping the input data into a higher-dimensional feature space, where the data will exhibit a linear pattern, using a kernel function. A Radial Basis Function (RBF) kernel controlled by the bandwidth of the kernel (h) and the regularisation (penalty) parameter (γ) was used. Appropriate selection of these parameters is critical to achieving good results while avoiding overfitting. The two parameters were obtained using a grid search approach with a ten-fold cross-validation. In addition, since the metrics used as M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 independent variables had different numeric ranges, we scaled them to a range of [0, 1] , to avoid the numerical difficulties and bias resulting from features having greater numeric ranges dominating those having smaller numeric ranges. Several studies have shown the impact of plot size on the accuracy of forest structure estimation from SAR data (Joshi et al., 2015; Robinson et al., 2013; Saatchi et al., 2011a) . Likewise, sample size affects the prediction accuracy of the models, with improved performance as the sample size increases. Therefore, we evaluated the impact of these factors on the trained models to extrapolate LiDAR-based canopy heights. Thus, we trained different models at each resolution (25 m, 50 m and 100 m) using a fixed sample size of 2% of the area randomly distributed across the image. Moreover, to evaluate the impact of sample size on model performance, we varied the sample size from 1% to 20% of the area. In each case we used 250 replications to ensure robustness. After identifying the optimum resolution and sample size, we also assessed the impact of surface moisture on the canopy height estimates by calibrating a model using PALSAR data from one date and evaluating its performance when applied to the rest of the available images for each site.
An important aspect when developing models for the extrapolation of forest structure, particularly at regional or continental scales, is the possibility to successfully apply a predictive relationship beyond the particular area for which it was developed. Therefore, we evaluated the transferability of the developed models by applying them to different study sites. Moreover, we evaluated the potential of calibrating a single model (biome model) and compared its performance to the site-specific models. These models were developed using the optimum pixel and sample size previously identified.
Model evaluation and performance
SVMs are regarded as black-box models because the underlying models relating input and output variables are mathematically very complex and hence difficult to interpret. Despite their good performance, this black-box characteristic of SVM represents a limitation when evaluating different remote sensing datasets for estimating forest structure. Therefore, we evaluated the relative contribution of each variable to understand the importance of the different metrics derived from each sensor used to estimate forest canopy height. Models were evaluated using all variables, excluding one variable each time, and using one variable in isolation each time; their coefficient of determination (R 2 ), the root mean square error (RMSE) and the bias were compared. To ensure robustness of the analyses we applied a bootstrapping pairs approach with 250 replications using a sample size of 5% of the area. Using larger sample sizes did not change the results in terms of relative importance of the variables but increased the processing time.
After determining the optimum pixel resolution and sample size, two different SVM models were trained for each study site and their performance was evaluated. The first model was calibrated using the SAR derived variables and the second model included SAR and multispectral information. The 95% confidence interval of the estimated canopy height was computed for each pixel using a bootstrapping pairs approach with 500 samples. Resampling techniques such as bootstrapping have been used to estimate confidence intervals, standard deviation of the estimator and are particularly useful for non-parametric model approaches (García et al., 2017a; McRoberts et al., 2011) . (Fig. 2) . The improvement in model performance was particularly evident when the sample size increased from 1% to 2% of the study areas, suggesting a minimum number of samples is required to ensure reliable estimates. Increased sample size led to a reduction of the standard deviation of the R 2 and RMSE obtained for the 250 bootstrapped models that were calibrated for each sample size. For the study sites located within the temperate broadleaf and mixed forests biome the increase in mean R 2 and decrease in mean RMSE stabilised at a sample size equivalent to approximately 10% of the area. Thus, whereas the improvement ranged from 10% (Howland Forest) to 29% (Harvard Forest) in R 2 and 0.57 m (WLEF) to 1.13 m (Harvard Forest)
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in RMSE when the sample size increased from 1% to 10% of the area, it was much lower when the sample size increased from 10% to 20%, with R 2 increases ranging from 3% (WLEF) to 12% (Harvard Forest) and RMSE decreases varying between 0.23 m (WLEF) and 0.44 m (Harvard Forest). The improvement for the Harvard Forest study site continued beyond the 20% and stabilised when the sample size reached 25% of the area (results not shown). Moreover, the standard deviation of the R 2 and RMSE was higher for Harvard Forest than for Howland Forest and WLEF; yet it decreased as the sample size increased, suggesting that the high standard deviation of the parameters is a consequence of the small size of the sample used for Harvard Forest at 100 m resolution. A similar pattern was observed for the study sites located within the temperate conifer forests biome. The increase in mean R 2 and decrease in mean RMSE stabilised around a sample size equivalent to the 8% and 6% of the area for SOAP and TEAK, respectively (Fig. 3) . For SOAP, the improvement when the sample size varied between 8% and 20% of the area resulted in an increase of R 2 by only 8% and a RMSE reduction of 0.74 m. For TEAK increasing the sample size from 6% to 20% meant an increase in R 2 of only 5% and a decrease in RMSE of 0.65 m. Again, the small sample size used for SOAP resulted in an increase of the standard deviation of the R 2 and RMSE.
3.2. Effect of surface moisture on the estimates Table 3 presents the performance of the models trained for a single date and their application to different dates. Since field measurements of surface moisture were not available, we used 10-day accumulated precipitation values, calculated from daily precipitation generated from the research-quality 3-hourly Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) product 3B42 v7 (https:// disc2.gesdisc.eosdis.nasa.gov/data/TRMM_L3/TRMM_3B42_Daily.7/; last accessed 30/06/2017), following Motohka et al. (2014) . TMPA are M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 produced at 0.25°x 0.25°resolution by combining precipitation estimates from multiples satellites and gauge analyses where feasible (Huffman et al., 2007) . Surface moisture showed a significant impact on the results with a decrease in performance for those images having greater 10-day accumulated precipitation values. The effect of surface moisture on the proportion of the explained variance was moderate but more evident on the bias of the model and the RMSE.
Evaluation of models for forest canopy height estimation
The analysis of the relative importance of each variable used by the models shows the same trends for each spatial resolution, therefore only the results obtained at 100 m resolution are shown here. Different results were observed for each biome. For the temperate broadleaf and mixed forests, Howland Forest and WLEF showed a similar trend with ALOS-PALSAR bands, particularly HV, having the strongest R 2 (Fig. 4 and S1) and smallest RMSE ( Fig. 5 and S2 ) followed by SRTM-derived DEM, and TCT components being the variables with the least contribution. A different behaviour was observed for Harvard Forest, with the wetness component of the TCT being the variable showing the strongest R 2 and the smallest RMSE, followed by PALSAR HV and SRTM-derived DEM. The models developed for Harvard Forest performed worse and the standard deviation was much larger than for the other two study sites. In all three cases, texture metrics proved useful for estimating canopy height. SOAP and TEAK, the temperate conifer forests, showed a similar pattern with the TCT components, particularly brightness, showing the strongest R 2 and smallest RMSE, following by PALSAR HV and SRTMderived DEM. Nevertheless, whereas for SOAP the HH and HV bands showed similar R 2 , for TEAK, HV showed a higher R 2 and smaller RMSE. In addition, for the latter study site the SRTM-derived DEM showed a larger contribution than for SOAP. Texture metrics also showed a moderate contribution for estimating canopy height, particularly at TEAK. Table 4 presents the performance of the models calibrated for each study site. In each case, we trained two sets of models, one using all available datasets and a second one using only SAR data. The results confirm the sensitivity of SAR data, particularly HV band, in the temperate broadleaf and mixed forests. Thus, HV had the largest contribution except in Harvard Forest where it showed the second largest contribution following the wetness component of the TCT. In general terms, the use of multispectral data in this biome increased R 2 by 5% (considering all pixels) and decreased RMSE by about 0.2 m. For Harvard Forest, the inclusion of TCT components improved R2 by 16% and reduced the RMSE by nearly 1 m. Nevertheless, the models performed well for the calibration datasets but not for the validation datasets, indicating an overfitting of the models. For the temperate conifer forests, including multispectral data improved the model performance by approximately 15% in R 2 and reduced the RMSE by more than 1.2 m. In all cases, the models showed very small bias. Fig. 6 shows the density plots of the estimated versus observed canopy height. In all cases it can be observed that the incorporation of multispectral data into the model reduced the dispersion of the point cloud and reduced the saturation effect at higher canopy values resulting in more linear relationships. Based on the above observations, we used the models based on all available datasets to map the canopy height of the study sites. These estimates of the canopy height were obtained using a bootstrapping pairs approach with 500 samples (replications) and a sample size equivalent to 10% of the study areas, which corresponded to the optimum size found in our previous analyses. The bootstrapping approach enabled us to provide the uncertainty (95% confidence interval) of our estimates at the pixel level. Fig. 7 shows the canopy height estimates for the WLEF and TEAK study sites (see Fig. S3 in Appendix for the other study areas). The estimated canopy height accurately captured the spatial patterns of the height distribution although the tallest values are slightly underestimated and the lowest values overestimated. Moreover, the residuals do not show any spatial patterns. Uncertainties were generally below 20%, with the largest uncertainty occurring in areas of low canopy height.
Models transferability
Application of models to sites for which they were not calibrated yielded less accurate results with R 2 ranging from 0.13 to 0.47 and RMSE from 3.3 m to 12.69 m. Moreover, while the models are unbiased over the training area, when applied to other sites the bias values , RMSE and bias obtained for models trained for a given date and applied to the rest of dates available at each study site. The standard deviation is presented between brackets. A bootstrapping pairs approach with 250 replications were trained for the reference date, which is shown in bold letters. The last column presents the 10 days accumulated precipitation. M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 ranged from −8.25 m to 4.2 m. Although this application of models to sites for which they were not calibrated was unsuccessful, the development of single models for each biome performed similar to those obtained by site-specific models. For the sites within the temperate broadleaf and mixed forests biome, the Harvard Forest site shows the biggest reduction in model accuracy with a drop in R 2 of 16% and increase of 0.61 m in RMSE and 40 cm in bias. The biome model also had lower accuracy than the site-specific model when applied to Howland Forest, whereas at WLEF the accuracy remained stable. The single model developed for the temperate conifer forests biome yielded practically the same accuracy as the site-specific models, although the bias of the estimates increased particularly for TEAK.
Discussion
Effect of plot size and sample size on the estimates
Increasing the pixel size has a positive effect on model performance, increasing the amount of variance explained by the model and reducing its error. Several reasons can explain this improvement from decreasing resolution. On the one hand, the speckle effect of the SAR data is reduced by aggregating the backscatter to coarser resolutions. Several studies have shown that the variability of forest structure decreases as plot size increases improving the estimation of different structural variables such as biomass or basal area (Clark and Clark 2000; Joshi et al., 2015; Robinson et al., 2013; Saatchi et al., 2011a) . On the other hand, the impact of the edge effect as well as any misregistration between datasets is less for larger pixels. Nevertheless, although the models showed better accuracy at lower resolutions, this is accompanied by a loss of details in the spatial variations of the forest canopy height distribution that might be important for forest management purposes. Our analysis provides a trade-off between the model accuracy and the spatial detail suggesting that a pixel resolution of 100 m (1 ha area) provides good compromise between forest height retrieval accuracy and spatial details.
The sample size for training the SVM also had a significant impact on the results, with a steady increase in R 2 and decrease in RMSE until the sample size reached approximately 10% of the study areas. Similar results were found by Fassnacht et al. (2014) , although they also reported that the effect of sample size also depended on the prediction M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 Fig. 5 . Mean RMSE for single variable models (blue bars), all variables but the one analysed (red bars) and all variables (horizontal dash line). The error bars associated with the blue and red bars represent the standard deviation computed for the 250 models bootstrapped for each variable. HH: horizontal polarization band; HV: cross polarization band; NDBI: Normalized Difference Backscatter Index; Std_AP_XXY: standard deviation from ALOS-PALSAR data where XX refers to the band and Y refers to the window size; ENT_AP_XXY: same band and window size, but refers to entropy; Elevation: Elevation from SRTM data; Elevation_stdX: standard deviation of the elevation where X refers to the window size; Elevation_EntX: same band and window, but refers to entropy; B: Brightness; G: Greenness; W:Wetness; X_StdY: Standard deviation where X refers to the TCT component and Y to the window size; X_StdY: same component and window size, but refers to entropy. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) Table 4 Performance of the models trained for each study site. The values presented correspond to the mean values of the 500 bootstrapped models. The standard deviation of each parameter is presented between brackets.
PALSAR + SRTM + Landsat PALSAR + SRTM M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 method used. Our results also suggest that the required minimum sample size also depends on the structural characteristics of the area. For instance, the effect of sample size on model accuracy tended to stabilise later for the temperate broadleaf and mixed forests biome than for the temperate conifer forests biome. Moreover, for Harvard Forest the results did not stabilise until the sample size reached 25% of the area, probably due to the small size of this site, which resulted in a small number of samples. In addition, the range of values over which the canopy height varied was mainly concentrated in the 18 m-22 m range, with few points outside this range (Fig. 4 c) , and given the small size of the sample those lower height were probably not sufficiently sampled and therefore, appropriately modelled, resulting in a poorer performance of the model.
Effect of surface moisture on the estimates
In addition to forest structure, backscatter is sensitive to vegetation and soil moisture content, especially at lower frequencies (Lucas et al., 2010; Saatchi et al., 2007) .Therefore, variations in moisture content between dates are a confounding factor in the estimation of forest structure from radar backscatter measurements. Our results confirm previous studies that demonstrated the effect of surface moisture on γ°, with a decrease in model performance, especially for higher 10-day accumulated precipitation values. The impact was more evident on the bias and RMSE than on R 2 as well as on the standard deviation of the parameters. Since we did not have ground measurements of soil and vegetation moisture we used the 10-day accumulated precipitation derived from the TRMM 3B42 product as an indirect measure of surface moisture as in Motohka et al. (2014) , who found a good correlation between temporal variations of γ°and TRMM 3B42 10-day accumulated precipitation. Another factor affecting the performance of single date models could be variations in leaf area index (LAI, m 2 leaf area/m 2 ground area) associated with plant phenology, particularly over deciduous vegetation. Thus, the lower the LAI values the deeper the wave penetration through the canopy, increasing the impact of soil moisture on the backscatter values.
Averaging the values of different images available for each study site reduced the impact of surface moisture and improved the accuracy of the model, as can be seen in Tables 3 and 4 . The reduction of the effect of surface moisture after averaging the temporal backscatter data agrees with previous findings (Paloscia 2002; Paloscia et al., 2004) .
Evaluation of models for forest canopy height estimation
The analysis of the relative importance of each variable on the estimation of canopy height shows different results for the two biomes. Fig. 6 . Density plots of satellite estimated versus LiDAR measured canopy height for each study site. Left panels present the models based on the integration of SAR and multispectral data. Right panels present the models based on SAR data. Blue colours represent lower densities and yellow colours higher densities. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 For the temperate broadleaf and mixed forests biome HV was the most important variable for two out of the three study sites, Howland Forest and WLEF. This result is supported by other studies that have found HV is the most sensitive band to forest structure, because this band is most affected by volume scattering from foliage and branches (GaleanaPizaña et al., 2014; Le Toan et al., 2011; Saatchi et al., 2011a; Yu and Saatchi 2016) . For Harvard Forest, the TCT components, particularly wetness, showed higher relative importance than the PALSAR bands.
The wetness component has proved to be correlated to stand age and forest structure parameters such as stand height, crown diameter and tree diameter, particularly over dense canopies (Cohen et al., 1995; Hansen et al., 2001) . Harvard Forest, presents a much denser canopy than Howland Forest and WLEF (see Fig. 1 ) which explains the largest contribution of the wetness component in this study site. For the temperate conifer forest biome TCT components also showed higher prediction capabilities than SAR information. The suitability of the TCT components for the estimation of forest structural variables in the Sierra Nevada Mountains in California has been demonstrated previously. Thus, the brightness and wetness components were useful predictors of above ground biomass and canopy fuel properties including fuel load and canopy bulk density (García et al., 2017a; García et al.,2017) . Brightness and greenness are related to the canopy closure and the amount of green vegetation within the pixel (García et al., 2017a; Wulder et al., 2004) while bands from spectral regions more affected by the water content are more sensitive to higher leaf area index values, reducing the saturation effect observed in other spectral bands, which explains the suitability of the wetness component (García et al., 2017a; Roberts et al., 2004) .
The elevation from SRTM also provided useful information for estimating canopy height, although its relative importance varied among the sites. Bispo et al. (2016) found that elevation derived from SRTM was the main predictor variable of forest structure in a primary tropical forest despite the small variation in elevation of their study area in Brazil. Moreover, since the surface elevation provided by SRTM over forested areas is biased towards the canopy its suitability for canopy height retrieval has been previously shown (Kellndorfer et al., 2004; Yu et al., 2010) . In all study sites, texture metrics show a moderate importance in the models, although it depends on the variable from which they were derived. Xu et al. (2016) have also reported that including texture metrics for estimating canopy height improved the models, reducing the RMSE and the bias of the estimations.
Differences in variable importance between the biomes could be explained by differences in vegetation type distribution and patterns of canopy heterogeneity, gap distribution and height, among others. The relative importance of each variable was also assessed by removing the variable of interest from the model. This analysis allowed us to identify which variables contained more unique information that was not included in the other variables (Rodríguez-Veiga et al., 2016) . Removing a single variable from the model did not cause a significant drop in R 2 or increase in RMSE, which indicates that the models did not strongly depend on a single variable. This means that the SVM is still able to find a good relationship between the canopy height and the remaining variables, some of which could be correlated to the removed variable. Also, although some variables could present some collinearity, this is not an issue in SVM given the kernel trick, where the data are projected onto a higher-dimensional space before they are used in the estimation process (Morlini 2006) , and the search for the optimal regularisation parameter (γ).
The results for the study areas, with different characteristics, demonstrate that it is possible to extrapolate LiDAR-based forest canopy height using SAR and multispectral data. Even though the TCT components contributed little to the estimation of canopy height for some of the study areas in the temperate broadleaf and mixed forests biome, its inclusion in the model helped improve its performance, increasing the amount of variance explained and reducing RMSE and bias. More importantly, the inclusion of multispectral data reduced the saturation effect and yielded more linear relationships over the whole height range. Previous studies have also demonstrated that integration of SAR and multispectral data provide a better estimation of forest structure variables such as biomass (Galeana-Pizaña et al., 2014; Rodríguez- M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 Veiga et al., 2016; Saatchi et al., 2011b) . Using all available data, R 2 ranged from 0.61 to 0.82 and RMSE from 2.27 m to 5.64 m. Despite the high RMSE for the study sites within the temperate conifer forests biome, the mean height of the sites was 25.9 m and 29.9 m for SOAP and TEAK, respectively. Therefore, the error represents approximately 20% of the height. The RMSE for the sites with temperate broadleaf and mixed forests biome is between 16% and a 21% of the mean height. Our results suggest that canopy height can be estimated with an accuracy of 20% using SAR and multispectral data for the two biomes analysed in this study at 100 m resolution. The worst performance was found for the two smallest sites, both approximately 4 × 4 km 2 , which can be explained by the small size of the areas resulting in a small number of training samples. Another factor that could impact our results in all study sites was the time gap between the different datasets used. Even if small, changes in the canopy cover between the acquisitions may impact the uncertainty of the estimates particularly for the smaller study sites, where they could represent a significant change relative to the size of the area under investigation. Fayad et al. (2016) suggested that the effect of the mismatch between reference and remote sensing data can be partly overcome by using an extensive calibration dataset.
Model transferability
Our results show limited transferability of the site-specific models. We compared the canopy height distribution as well as the elevation of the study sites and found significant differences between them that hampered the transferability (Fig. 8) . Howland Forest and WLEF have similar canopy height; however, the elevation between the two study sites is very different. Our analysis of the relative variable importance shows that elevation from SRTM is an important variable for estimating canopy height, particularly at the WLEF site. Harvard Forest showed very different canopy height and elevation, relative to the other two study sites, with taller, denser and more homogeneous canopies.
In the temperate conifer forests biome, the only significant difference between the SOAP and TEAK study sites was in elevation. SRTM is an important variable in the model for TEAK, with less importance for SOAP. Moreover, differences in vegetation types and structural characteristics associated to different vegetation types can explain differences in the models for all study sites (Fig. 9) .
It should be noted that our results are constrained by a limited number of sites in each biome, nevertheless; they show that it is possible to develop a single model for all study sites within each of the biomes. For the temperate broadleaf and mixed forests biome, the single biome model performed worst at Harvard Forest. The most likely reason for this poor performance is the small sample size (10% of the area). By increasing the number of samples for this site to 25% of the area, the results significantly improved to R 2 = 0.60 (0.02), RMSE = 3.01 (0.08) and bias = −0.16 (0.17), whereas the performance of the model over Howland Forest and WLEF did not change markedly (R 2 = 0.82 (0.00); RMSE = 2.30 (0.03); bias = 0.05 (0.07);
and R 2 = 0.59 (0.02); RMSE = 2.62 (0.14); bias = 0.91 (0.37) for WLEF and Howland Forest, respectively). Howland Forest is more affected by the inclusion of Harvard Forest data in the training sample than WLEF. If the Harvard Forest is excluded from the training of the model, i.e. a model is trained using data from Howland Forest and WLEF, the biome model shows very similar performance to the sitespecific models (Table 5 ). It is difficult to ascertain definitive conclusions on the reason why Howland Forest was more affected by the inclusion of Harvard Forest than WLEF, but it is likely that the smaller number of samples used from Howland Forest than from WLEF, explains this effect. It is important therefore, to sample all the variability within the biome when developing a single biome model. Our results suggest that the sampling intensity, i.e. the amount of area sampled, might need to be adjusted for different areas, however, further research is required in this regards in order to find structural patterns that allowed a better definition of the sample size to be used.
Conclusions
This study demonstrates the potential of using a multi-sensor approach to extrapolate LiDAR-based canopy height measures over different ecosystems in two different biomes. SAR data alone was successful in estimating canopy height over temperate broadleaf and mixed forests biome whereas for the sites located within the temperate conifer forests biome, SAR data was more limited and multispectral data showed higher capabilities. In all cases, integration of SAR and multispectral data improved the retrieval of forest canopy height.
The impact of surface moisture (soil and vegetation moisture) on the variability of γ°and in the models was also assessed. Our results show that the main effect of the variation in γ°is an increase in the bias and RMSE of the estimates. Using the average γ°of all available images for each study site reduces the effect of surface moisture and improves the M. García et al. Int J Appl Earth Obs Geoinformation 66 (2018) 159-173 performance of the models. The analysis of model transferability shows that site-specific models performed poorly when applied to other study areas due to different vegetation types and structural characteristics. However, our results shown that a single biome model can be calibrated to perform similarly well as the site-specific models. In addition, sample size has an important role in determining the accuracy of the calibrated models, requiring a minimum size of 10% of the study area. Therefore, these factors have to be considered when designing airborne campaigns to train models for the extrapolation of forest structure from satellite missions such as BIOMASS and NISAR. Pixel size also influences model accuracy, with the best results achieved for a spatial resolution of 100 m. 
